Abstract-The increasing adoption of electric vehicles (EVs) due to technical advancements and environmental concerns requires wide deployment of public charging stations (CSs). In order to accelerate the EV penetration and predict the future CSs requirements and adopt proper policies for their deployment, studying the charging behavior of EV drivers is inevitable. This paper introduces a stochastic model that takes into consideration the behavioral characteristics of EV drivers in particular, in terms of their reaction to the EV battery charge level when deciding to charge or disconnect at a CS. The proposed model is applied in two case studies to describe the resultant collective behavior of EV drivers in a community using real field EV data obtained from a major North American campus network and part of London urban area. The model fits well to the datasets by tuning the model parameters. The sensitivity analysis of the model indicates that changes in the behavioral parameters affect the statistical characteristics of charging duration, vehicle connection time, and EV demand profile, which has a substantial effect on congestion status in CSs. This proposed model is then applied in several scenarios to simulate the congestion status in public parking lots and predict the future charging points needed to guarantee the appropriate level of service quality. The results show that studying and controlling the EV drivers' behavior leads to a significant saving in CS capacity and results in consumer satisfaction, thus, profitability of the station owners.
The probability of EV driver's decision to disconnect with i% EV's level of charge, defined by logistic function.
The probability of EV driver's decision to connect while the EV is moving with i% EV's level of charge, defined by logistic function. The probability of EV parking in time t when the EV is disconnected from CP.
The central point of the gradient in logistic function of p i , as a basis for the driver's decision to disconnect.
The central point of the gradient in logistic function of q i , as a basis for the driver's decision to connect. k p The coefficient of gradient change from zero to one in logistic function of p i . k q The coefficient of gradient change from one to zero in logistic function of q i .
SOC min
The minimum threshold of battery state of charge to connect.
SOC max
The maximum threshold of battery state of charge to disconnect. P s (c i )
The probability of state c i .
The probability of state d i . P r{k = a} The probability of being in a numbers of sequential connection states from c j to c (j+a) , for every possible initial state c j .
P block
The blocking probability of completely discharged EVs.
I. INTRODUCTION
T HE use of battery electric vehicles (BEVs) and plug-in hybrid electric vehicles (PHEVs) in the transportation networks leads to a significant reduction in the use of fossil fuels consumption with direct effect on air pollution. As a result, accelerating the EV deployment rate is one of the main objectives of governments policies on air quality and decarbonisation. The continuous development of EV powertrain, battery and charge technologies and energy management strategies have further increased the EV market penetration in recent years [1] , [2] . Hopefully, the growing adoption of EVs will improve the worldwide transportation sustainability [3] . Therefore, exploring the facilitators and barriers to the diffusion of EVs is quite important [4] . The Energy Outlook report by IEA stipulates that the number of 0018-9545 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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EVs on the roads would increase from 2 to 160 million by 2030 worldwide [5] . The utilization of EVs is not without its advantages and disadvantages concerning its operation and planning of power systems. The negative impacts resulting from the electrification of transportation network and their influence on generation, transmission, and distribution of power grids motivate the researchers to pursue studies regarding technical, operational and economic aspects of this issue [6] , [7] . Facilitating the rapid growth of EVs and enjoying its benefits requires the design and development of private and publicly accessible charging stations (CSs) [8] . In this regard, appropriate modeling of charging behavior of EV drivers is our main focus which is essential in forecasting the CSs requirements and adopting proper policies for their development, when the number of EVs will increase in the future.
Various studies have been performed to model the mobility behavior of EVs using data analysis [9] - [11] and/or mathematical methods [12] - [19] . A data mining model is introduced in [11] to investigate the characteristics of EV charging load in a geographical area. In [12] , uncontrolled EV drivers' behavior during charging is described with Markov chain model to assess the network line loading and the losses due to the increased number of EVs. A Markov model is proposed in [13] to simulate the PHEVs travel behavior by considering the type-of-trip and recharging price flexibility, as well as the choice of switching the fuel type instead of a fast charging option. In this method, the estimation of the transition state probabilities can be very time consuming for all time slots on weekdays due to limited data and particularly considering the need for a high temporal resolution. An agent-based modeling approach is proposed in [15] for predicting the electricity demand for EV charging by considering the influence of the human aggregate behavior on load demand.
In [12] to [15] , the collective behavior of the EV fleet drivers is modeled, while [16] to [18] have assumed that the random behavior of a single vehicle is different from the behavior of the population it belongs to. Therefore, they modeled the random behavior of a single vehicle's driver to examine the load profile with more details. A heterogeneous Markov model is presented in [16] to describe the mobility behavior of a single EV and this model is assessed based on a 5 months-long data gathered in Denmark. This data set contains information on whether the vehicle was driven or not at any time for the same period. The number of parameters in this model is reduced by applying B-Spline functions to a generalized linear model. However, the model proposed in [16] lacks the data regarding any specific assumption about the vehicle's characteristics. A Markov chain model is introduced in [18] to describe the EV driver's behavior with the objective of evaluating his/her reaction when the EV is out of power. The general assumption in [18] is that the EV always leaves home at the beginning of the day with its fully charged battery, charged by a home charger and returns home at the end of the day. The Markov model is adopted to assess the probability of the EV battery getting depleted before returning home in a case study. A probabilistic model for nodal EV charging demand is developed in [19] based on spatial-temporal EV dynamics by using Monte Carlo Simulation (MCS). In this study, random trip chain and Markov Decision Process (MDP) are applied to model individual EV drivers' driving and charging behavior.
In all the previously mentioned papers, the proposed EV mobility models have been utilized in order to describe the statistical distribution of behavioral-related parameters of EV drivers, such as load profile, starting and finishing time of EV trip and EV connection and charging times. Most of these models have been presented based on the driving patterns of internal combustion engine vehicles (ICEVs) without considering the EV drivers' charging habits. The critical issue is that these models cannot be generalized for systems with different EV specifications and increased EV population in the future, especially when CSs could not serve all the EVs because of congestion.
In some studies of EV charging navigation, the EV connection and charging times are analyzed based on real-time power grid and traffic data without developing any behavioral model to describe the EV drivers' charging habits [20] , [21] . In [20] , the EV terminal estimates the driving, waiting and charging times for different CSs in order to guide the EV driver to be navigated to the proper CS. The charging navigation framework of EVs to fast CSs is formulated by a hierarchal game approach in [21] .
On the other hand, there exists many studies in the related literature concerning various aspects of design, development and deployment of CSs, focusing on issues like scheduling the charging of EVs [22] , [23] , congestion management and resource allocation at CSs [24] - [27] , determining the appropriate sites [27] - [29] , the role of urban planning [4] and economic aspects of investment planning [30] , [31] . However, the impact of the random characteristics of EV drivers' behavior on the distribution characteristics of the behavioral-related parameters in the models have not been addressed explicitly rather some simplifying assumptions have been made. For example, the EV arrivals to a CS are typically modeled as a fixed rate Poisson process, while the charging and parking times are characterized as exponential or Gaussian distributions [19] , [25] - [28] , [32] - [34] . Such simplifying assumptions about these statistics cannot be generalized to common case. In fact, the different behavioral distributions in the studied models in the literature are because of the different behaviors of the EV drivers in different communities. Furthermore, the EV drivers' behavior affects many aspects of the design challenges of CSs including resource provisioning and investment planning, especially when the EV population grows in the future. To the best of the authors' knowledge, the impact of the EV drivers' behavior on these two critical components have not been addressed in the literature.
To address the above problems, in this paper we use a stochastic model for the EV driver's behavior based on EV battery specifications, the initial battery charge level and the driver's habits. Accordingly, the parameters of this model depend on the behavioral characteristics of a typical driver from the community. The proposed model is assessed through mathematical analysis, case study simulations and comparing the results with the real field data obtained at a major North American university campus network [35] and part of London urban area [36] . By adjusting the parameters, the simulation results taken from the model match the real field data. Furthermore, we show that our model can be adjusted to cover different EV driver's behaviors. We assume that most of the EV drivers have a similar charging behavior in a way that the effect of the minority on the overall system behavior can be ignored. Based on this assumption, we estimate the parameters of a typical driver using the real field data. Subsequently, we run the model by applying these parameters to assess the CS congestion status. Specifically, this method can be utilized for CS development and calculating the number of charging points (CPs) that can provide a certain level of service quality, when the number of EVs grows in the future. The customer blocking probability can be a good measure of the service quality.
Compared to the existing literature, this is the first study that considers the drivers' behavioral characteristics regarding the charging of the EVs. Furthermore, our proposed behavioral model provides a method for predicting the required power capacity of the CPs with respect to the increase of EVs in the future to prevent congestion in CPs. Therefore, its purpose and practical application would be different. Such a study can help the station owners to develop the CSs in a profitable manner and estimate the investment costs.
The main contributions and results of this work are:
r Proposing a new model to describe a typical EV driver's charging behavior in a given community at CPs, where the model parameters depend on the behavioral characteristics of the vehicle owner, the vehicle specifications and the EV battery level of charge.
r Applying the proposed model to predict the congestion status of CSs by increasing the number of EVs, and to predict future station requirements to achieve the appropriate level of service quality.
r Adjustment and sensitivity analysis of the model's parameters and assessing the system performance by fitting the simulation outputs to real field data.
r Reducing the required number of CPs for a certain level of service quality by encouraging the drivers to modify their EV charging behavior via dynamic pricing. The remainder of this paper is organized as follows: The system components and the proposed model to describe EV's charging behavior are presented in Section II. The results of the model simulation and its comparison with actual data are provided in Section III. In Section IV, a sensitivity analysis is performed to assess the influence of the new model parameters on the charging behavioral-related parameters of EV drivers. The influence of the model parameters on occurrence of congestion at the CPs and their impact on the future CS requirements are discussed and analyzed in Section V. In Section VI, we have a discussion on the results and Section VII concludes the paper.
II. STOCHASTIC MODEL FOR EV DRIVERS' CHARGING BEHAVIOR
In order to model the charging behavior of an EV driver as a statistical sample of a community, we consider the behavioral reaction of the driver to the battery level of charge. The EV driver usually decides when to connect/disconnect the EV to/from charger based on the current battery level of charge, which is monitored by the dashboard screen. Battery level of charge is an indicator of the available charge stored in the battery. Accurate measurement of this level is necessary for charge/discharge safety and battery health [37] . When the EV battery level of charge drops below a minimum threshold, the driver tends to connect the EV to the charger with a high probability. This minimum threshold is described as SoC min . Similarly, if the EV is connected to CP and the battery level of charge goes beyond a maximum threshold, named SoC max , driver decides to disconnect the EV with a high probability. SoC min and SoC max depend on the behavioral characteristics of the driver and his/her driving habits. Moreover, a driver with a higher level of range anxiety tends to connect (resp. disconnect) the EV almost exactly when the battery level of charge reaches to SoC min (resp. SoC max ) while others may ignore to connect (resp. disconnect) the EV at right time. Based on these descriptions, we will introduce our proposed model and its parameters in such a way to describe the charging behavior of an EV drivers' community properly. Now, we explain the details of the proposed stochastic model as follows. Every EV driver can be either in charging, moving or parking situations. When the EV is connected to the CP, the driver decides to remain connected depending on the current energy level of the EV battery. When the EV is disconnected, the driver continues driving towards his destination. The time spent at any CP is generally random but it also depends on the charge level. Assume that the EV dashboard screen displays the battery energy at N levels. In this case, the amount of remaining energy in the battery can be quantized into integer numbers, that is, i = 0, 1, 2, ..., N . The level i = 0 indicates an empty battery and the level i = N indicates a fully charged battery. Based on these assumptions, any EV driver's behavior in choosing either of the above mentioned situations is modeled as a non-homogeneous Markov chain in terms of the energy level of the EV battery. The proposed model has 2(N + 1) states: N + 1 states correspond to the charge level while the EV is connected to the CP and is receiving power from the grid and the other N + 1 states correspond to the charging level when the EV is on the road, or stopped but is not connected to the CP. State transition diagram for the proposed model is presented in Fig. 1 . Accordingly, the proposed non-homogeneous Markov chain is defined with a discrete state space S and transition probability matrix P (t), as:
is the conditional probability of transit from state s i to state s j at time t. The row sum of the transition probability matrix is equal to 1. The transition probabilities of the proposed model have been defined based on the behavioral parameters p i , q i and t . The transition between states will happen as shown in Fig 1 . When EV is connected to the CP in the state c i , the driver decides to continue charging and increasing the battery energy level with the probability of 1 − p i . After being in this state for a specific duration of time, the EV dashboard screen displays an increment in the battery level of charge. Therefore, EV leaves the state c i towards c i+1 . Hence, p i is the probability of EV disconnecting from the CP and leaving the state c i towards d i . When the EV is disconnected from the CP in state d i , the driver decides to park (resp. drive) the EV with the probability of t (resp. (1 − t )(1 − q i )). Accordingly, a transition from d i towards d i−1 results in decreasing in the level of charge. The probability of connecting the EV to the charger and transition from the state d i towards c i is (1 − t )q i . Therefore, q i is the probability of connecting to CP while the EV is on the road. The battery level of charge in c i and d i states are equal to i.
A. Model Parameters
In order to match the model to actual EV mobility, the p i and q i transition probabilities must be properly defined. p i and q i are subject to the amount of the battery charge level in c i and d i , respectively. The logistic functions are applied here to properly define the transition probabilities p i and q i , as:
where x p , x q , k p , and k q can be used to define and adjust the driver's behavioral-related parameters. The value of x p (resp. x q ) depends on SoC max (resp. SoC min ) and the value of k p (resp. k q ) depends on the level of range anxiety of the driver in deciding about disconnecting (resp. connecting). For example, a driver who is subject to a high level of range anxiety, will be described with a larger x p and/or x q and a larger k p /k q . Moreover, the parameter t must be set appropriately at all times, in order to determine the driver's tendency to park his/her vehicle for any purpose anywhere without connecting to a CP. For example, if the CPs are located at a university campus, vehicle drivers may have more willingness to connect their vehicle to CPs at class time or lunch hours, while they leave the campus at the end of the day.
The model parameters are defined in a proper manner to characterize a typical driver's charging behavior. This kind of definition has been used in literature. In [21] and [38] , the EV charging probability has been described by an exponential function dependent on the battery SoC. Fig. 2 shows p i and q i as the functions of the battery level of charge for some values of system parameters to describe such a driver. Every EV drivers' charging decision depends on the current buttery level of charge. When 
the driver decides to connect the EV to the CP in a given level of charge with high probability, the probability of disconnecting in the same level of charge will be very low and ignorable, and vice versa. Therefore, the upper levels (resp. lower levels) of p i and q i do not overlap. Although there may always be some hasty people who decide to recharge the EV battery more frequently or disconnect the EV when the level of charge is not high enough, but as mentioned before, we only model the behavior of the common case drivers in the community with common driving and charging habits. In the next section, we will analyze the proposed model mathematically to assess the effect of these parameters on the state probabilities, which indicates the strength of the proposed model in describing the statistics of EV behavioral-related parameters in a CS environment.
B. Mathematical Analysis
In this subsection, we formulate the state probabilities and the probability mass function (pmf) of vehicles' connection time. Let P s (c k ) and P s (d k ) represent the probability of states c k and d k respectively, i.e.,
The state probabilities based on the Bayes' rule and the transition probabilities of the model (i.e., p i , q i and t ), can be written as,
Note that we have: q 0 = 1, p 0 = 0 and p N = 1. According to the above equations, each one of the state probabilities
, and (c) pr{k = a} in terms of the state number, for t = 0.4 and p i and q i shown in Fig. 2 .
be calculated based on the probabilities of the previous states,
. . .
In a similar manner, P s (c k ) is calculated for each state c k :
Moreover, the probability of being in a sequential connection states is calculated for a ∈ {1, 2, . . . , N} as:
where P r{k = a} is the probability of being in a sequential connection states from c j to c j+a for some j. The probabilities P s (c i ), P s (d i ) and P r{k = a} are solved numerically and depicted in Fig. 3 for t = 0.4 and p i and q i as shown in Fig. 2 . The effect of different sets of model parameters on P s (c i ) and P s (d i ) have been assessed and the results are depicted in Fig. 3(d) : The amounts of e 1 (resp. e 2 ) in P s (c i ) and P s (d i ) depend on x q (resp. x p ). k q (resp. k p ) affects on the increasing (resp. decreasing) gradients of these functions. Moreover, a decrease in t leads to increasing (resp. decreasing) the maximum probability value in P s (c i ) (resp. P s (d i )) (i.e., m). Therefore, the EV connection and disconnection times can be controlled by changing the model parameters. On the other hand, it is observed that the shape of P r{k = a} changes with parameters p i and q i . By considering the constant amount of charge speed, P r{k = a} describes the duration of being in the connection states. Therefore, the effect of parameters p i and q i on this function is equivalent to their effect on the pmf of charging time, which will be studied in Section IV. As a result, it is expected that the proposed model describes different EV drivers' behaviors in different places by adjusting the model parameters appropriately, which has a direct effect on the statistics of behavioral-related parameters of the system. Therefore, a case study will be assessed in Section III to ensure this ability.
III. CASE STUDY
In this section, we validate the proposed stochastic model by adjusting the model parameters in two separate case studies and fitting the model to real data. In these two case studies, the data obtained from the public CPs located at a university campus and part of London urban area are considered, receptively. In both cases, the distance between the CPs is short enough that any EV will have access to a CP if it needs to be charged. There will be no queuing service at the CPs because of long lasting charging periods. If all the chargers are occupied, the driver decides to drive to nearest charger. It is assumed that each CP delivers a constant amount of power during the charging, which is common in EV modeling [39] - [41] . Also when driving, the EV level of charge decreases with a certain discharging rate, which is determined by the energy consumption coefficient and the average driving velocity of vehicles [13] , [41] . Since the data sets are gathered from urban areas, the average driving velocity is considered 44 km/s in calculating the EVs' discharging rate. The type of EVs are assumed to be personal vehicles with similar characteristics as Nissan Leaf [42] .
The presented model is used to simulate EV drivers' charging behavior in two cases based on real charging events. The simulation procedure is presented in Fig. 4 . The key parameters and charging characteristics of the EVs and CPs in these cases are provided in Table I . The number of states in proposed model is set to N = 100. The study in Case 1 is described based on the data set obtained at a major North American university campus network [35] . This local EV charging station consists of 11 CPs for public and 6 CPs for fleets all physically located in vehicle parking lots, equipped with AC-level 2 slow chargers with SAE J1772 connectors. The data is recorded from Nov. 2011 to Jan. 2015 containing 6800 charging events. In Case 2, the utilized data set is collected from on-street CPs in a local urban area of London, equipped with slow chargers with IEC62196 mode 1 connectors [36] . This data is provided by UK power networks and collected between Oct. 2012 and Feb. 2014, containing more than 14000 records. Two charging power levels 2.35 kW(10 A) and 3.7 kW(16 A) are considered in Case 2. The maximum attainable charging power not only depends on power rating of [44] the CPs but also associates with the EVs' on-board chargers. Based on the simulation parameters indicated in Table I , the EVs' charging rate is calculated by multiplying η c by the minimum of P c and P o . The EVs' discharging rate is calculated by multiplying E c and v.
In order to validate the proposed Markov model and calibrate its parameters, it should be checked if the charging patterns randomly generated by the simulation process are close to the ones in available field data. The charging patterns include EV charging time, EV connection time and EV load profile. An attempt is made to obtain the best match between the simulation outputs and actual data by adjusting the simulation parameters through a search approach inspired by [45] . Prior to beginning the search process, an initial simulation run is performed using the predefined estimates of p i , q i and t . These initial values are estimated based on the shape and statistical mean and variance of the pmf of EV charging time, the pmf of EV connection time and EV load profile obtained from historical data. The results of this initial run is checked for general resemblance to data. In every iteration of the search process, an incremental change to the simulation parameters is made in the neighboring area of the previously tuned parameters to find a better similarity between simulation outputs and data. If this change produces a better result, another incremental change is made in the next iteration, otherwise the direction of the change will be reversed. This iterative process continues until no further improvement can be found and the best acceptable accuracy has been reached. The goal is to gradually change and fine-tune the simulation parameters until the outputs have acceptable fit. This is a modified version of hill climbing technique. Two well−known goodness-of-fit tests are used as a tool for comparing the pmfs of the EV charging time and EV connection time derived from simulation with their equivalents derived from data, namely, two-sample Kolmogorov−Smirnov (KS) test and two-sample Anderson−Darling (AD) test [46] . These statistical procedures compare the two sets of data for a close match through a hypothesis test. In these tests, the null hypothesis that two empirical cumulative distribution values come from the same underlying distribution is accepted if the test statistic is smaller than the critical value of that test at a given significance level α or the p-value is greater than the significance level. The main advantage of the KS test is its sensitivity to the shape and scale of a distribution. Additionally, the AD test has two extra advantages over the KS test. First, it is much more sensitive towards differences at the tails of distributions. Second, the AD test is better capable of detecting very small differences, even between large sample sizes [46] . Utilization of these two statistical measures firmly confirm the resemblance between the simulation output distributions and the data.
In order to have a good estimate of the fit degree between the simulated EV load profile and the ones derived from the data, Mean Absolute Percentage Error (MAPE) is used as the error measure [47] . MAPE has been used to measure the accuracy of the proposed EV load modeling in [48] . MAPE is defined as
where x i is the simulated EV load value at time i and y i is the EV load value derived from the data at time i. The tuned p i and q i parameters of the proposed Markov model for achieving the acceptable match between the simulated outputs and the data are obtained as described. These outputs, namely, the pmf of EVs' connection time, the pmf of EVs' charging time and EV load profile are shown in Figs. 6 to 8 . The values of the obtained t for every hour of a day in two case studies are shown in Fig. 5 . In Case 1, the values of parameters p i and q i are tuned to x p = 70, k p = 0.3, x q = 38, k q = 0.11 by our iterative search method. In Case 2, the community of EV drivers consists of two different behavioral groups due to the use of two types The results of the goodness-of-fit tests over the outputs in Figs. 6 and 7 are shown in Table II . The MAPE for the load profiles in Fig. 8 is given in Table III . The MAPE is less than 13% and the calibration accuracy is satisfactory. The results of these tests well justify the accuracy of our Markov model for driver's charging behavior.
The t setting and the shape of EV's connection time pmf confirm the behavioral characteristics of EV drivers in these simulated case studies. In Case 1, the drivers tend to connect the EVs to chargers mostly at 9 a.m., 12 noon and 4 p.m., as shown in Fig. 6-(a) . In Case 2, the pmf of connection time fits well to a normal distribution and most of the connections occur between 9 a.m. and 19 p.m. with slightly more connections at 15 and 18 p.m., as depicted in Fig. 6-(b) . These behaviors suggest that the charging process of EVs in these case studies mostly take place in urban areas, where the drivers leave their vehicles in parking lots for their daily activities, and naturally, parking lots will be empty from the late night until the early morning. The load profiles in Fig. 8 indicate that the number of daily charging events are very limited.
It is concluded that the simulation results acceptably justify the data analysis results in the two case studies. Therefore, the model parameters can be adjusted properly to predict the EV drivers' behavior in a small area. This achievement can help to predict the required capacity of CSs as well as to control the congestion in the stations and promote consumer satisfaction, thus, improving the profitability of the station owners. This idea will be assessed in Section V.
IV. SENSITIVITY ANALYSIS
In this section, a sensitivity analysis is performed to assess the influence of the proposed model parameters on the charging behavior by studying the pmf of EVs' charging times and connection times. x p (resp. x q ) is changed from 65 to 85 (resp. 20 to 40) and k p is increased from 0.13 to 0.63. The pmf of charging times for 3 different values of these parameters are depicted in Fig. 9 . It is observed that an adequate increase in x p (resp. decrease in x q ) leads to increasing the mean and variance and decreasing the skewness of the pmfs such that the shape of charging time pmf changes from nearly exponential to normal. Moreover, increasing the k p value leads to an increase in mean and variance of the charging time pmfs so that the shape of the pmf varies from exponential to normal distribution approximately. It can be shown that increasing the k q value has a similar effect on the charging time pmf with more sensitivity.
The results indicate that the charging time is distributed according to exponential distribution for some values of parameters, for example x p = 65 and/or x q = 40, which is similar to the assumptions made by [49] . While the charging time is distributed according to normal distribution for some other values of parameters similar to [32] - [34] . Although these assumptions seem to be contradictory, our result shows that they only differ because of the differences in the drivers' behaviors in different statistical communities. In a community whose EV drivers tend to connect when the initial battery level of charge is high and/or disconnect the EV with low battery level of charge, the charging time fits an exponential distribution very well. Decreased x p indicates the behavior of these drivers who do not stop at the parking lot for a long time and are unwilling to increase their vehicle's battery level of charge or they are more in a hurry to leave the parking lot. This is while, the behavior of EV drivers in an opposite way results in charging time with normal distribution. Decreased x q identifies the behavior of these kind of drivers who tend to connect when the battery level of charge reaches a smaller amount due to long-distance driving before entering the parking lot or having no access to a home charger. Furthermore, increased k p and k q represent the behavior of some drivers with a higher level of range anxiety in the latter community with a quick decision to connect or disconnect at a specific battery level of charge. In our model, it is assumed that most of the drivers of a community have a few typical behaviors and the effect of minority on the overall system behavior can be ignored. In the first case study (i.e., Case 1), such a community with one typical behavior has been modeled. In the second case study (i.e., Case 2), we considered a community with two typical behavioral patterns. The results confirm that our model can be applied on a community where one or more typical behavioral patterns can be recognized. These behavioral groups are recognizable due to a variety of factors including the drivers' social habits, purpose of EV trips and type of EVs and CPs. To further emphasize this ability, we assessed the reported analysis on the data obtained from a community of electric taxi drivers operating in suburban areas of Beijing in [50] . This community belongs to one of the studied taxi platforms consisting of an EV fleet with 21 kWh battery capacity and 0.15 kWh/km energy consumption coefficient. This platform is equipped with slow CPs that have 2.5 kW charging power.
The shape of EV charging time pmf of this community shows that it can be consisted of two distinct behavioral groups. In order to justify this idea, we simulated our model and adjusted its parameters in such a way that our resulted pmf of charging time nearly matches the outcome in [50] , as depicted in Fig. 10 . The adjusted model parameters in this simulation are shown Table IV . This result reveals that the studied community of electric taxi drivers consists of two groups, as we guessed. 75% of the community members in group 1 have a higher level of range anxiety who tend to disconnect when the level of charge reaches near 85%, while the EV drivers in group 2 have a lower level of range anxiety and disconnect earlier with 60% of charge level. Later we will show that the driven model can be helpful in predicting and managing congestion in CSs. Till now, the effect of p i and q i on the charging time pmf have been studied. Now we assess the effect of t on the pmf of connection time by performing two different scenarios named: ep-sample and ep-parking. The values of t in these scenarios are assigned as shown in Fig. 11 (a) and other parameters are chosen from the first simulated case study in Section III.
As it is mentioned earlier, t describes the probability of parking the EV in time t when the EV is disconnected from the CP. It is observed from Fig. 11 that t affects the drivers' behavior in deciding about the EV connection time in different places. The scenario ep-sample describes a relatively idle station which only gets busy at 13 p.m. and there is no connections at the early hours of the day. On the other hand, ep-parking presents a busy public parking lot which is crowded more at 7 a.m., 12 noon and 16 and 20 p.m. The pmfs of connection time in these scenarios verifies the above assumptions, as depicted in Fig. 11(b) .
In summary, our analysis reveals that the different assumptions about the statistical characteristics of EV behavioralrelated parameters in the studied models are due to different EV drivers' behavior in different communities. In our presented model, we parameterize the charging behavior of EV drivers in such a way that all of their possible statistics can be produced. Furthermore, we suggest that our model will help researchers plan the future expansion of the CS and control the CS load profile by encouraging the drivers to change their EV charging behavior. In the next section, we will show how the CS congestion level can be managed and controlled by adjusting the behavioral parameters using the proposed model. To do so, we study the effect of the parameters on predicting the congestion event in a CS environment, when the number of EVs increases as it is foreseen.
V. PREDICTING AND MANAGING CONGESTION IN CS DEVELOPMENT USING THE PROPOSED MODEL
Congestion is a natural phenomenon when traffic is a matter of concern. An increase in the number of EVs in CSs increases the probability of service blocking, i.e., when an EV cannot connect to CPs because all CPs are in use. The blocking probability depends on the number of CPs and traffic intensity. In this case a driver has no choice but to leave the station and get the service later or in another CS. In the worst case, the EV battery is completely discharged before the driver gets the opportunity to find a free CP and he/she will become more discontent. We assume that the required power of CS is always and completely supplied by the power network for the sake of model simplicity. In Sub Section V-A, the required number of CPs are predicted as the number of EVs increases in the future, for a predefined level of Quality of Service (QoS). In Subsection V-B, the effect of changing the behavioral parameters of the proposed model on the congestion status is assessed.
A. Predicting the Required Station Capacity Subject to Blocking Probability Constraint
One of the important considerations in the development of the CSs and predicting their future capacity with the objective of limiting the blocking probability is studying the drivers' behavior in choosing the connection time of the day and charging durations. Specifically, introducing an appropriate level of QoS results in more consumer satisfaction and as a result more profit for station operators. Accordingly, two groups of scenarios are assessed to predict the number of CPs by increasing the number of EVs, while guaranteeing a certain level of QoS. Subsequently, the blocking probability is assessed with respect to the increased number of CPs by considering a fixed number of EVs in those scenarios.
1) The Effect of p i and q i on the Predicted Number of CPs: As indicated in Section IV, an increase in x p , k q and k p and a decrease in x q lead to an increase in the average EV charging time. Therefore, drivers' behavior change is expected to have an effect on predicting the number of CPs. In order to study this effect, a group of scenarios are defined according to Table V. The t vector is taken from Fig. 5-(a) for all scenarios. Scenario 1 defines the behavior of the drivers in Case 1 based on real data, as described in Section III. In Scenario 2, EV drivers are used to partially charge their EVs with less duration of charge because they plan for a short travel distance or have a limited time. Conversely, drivers in Scenario 3 tend to completely charge their EVs. They connect the EV to the CP with a lower level of charge and disconnect with a higher level of charge. EV drivers in Scenario 4 (resp. Scenario 5) have a higher level of range anxiety compared to Scenario 2 (resp. Scenario 3) but their charging habits are similar. The blocking probabilities are computed by using the proposed model in the system simulation, and the behavioral parameters of the drivers determine the EV arrival times and charging durations.
The minimum number of required CPs in terms of the number of the existing EVs is determined while blocking probability of the fully depleted EVs is constrained to 0.05, as shown in Fig. 12 .
The obtained results indicate that only one CP is required in Scenario 4 even when the number of EVs is increased to 90. This observation can be explained by considering the EV drivers behavior : 1) The drivers tend to connect to the CPs with higher battery level of charge to ensure the EV battery will not get out of charge in their next trip and continue charging until a lower level of charge is reached because they do not have enough time or do not want to spend more money and 2) The drivers have a higher level of range anxiety and decide to connect/disconnect to/from the CPs as soon as the EV battery reaches the predefined level of charge. Consequently, the EVs' charging time is decreased. This situation decreases the likelihood of EV blocking leading to complete battery depletion, despite the fact that the number of charging events increases. In contrast to the previous scenario, the largest number of CPs is required in Scenario 3 to meet the upper threshold requirement of the blocking probability.
In the next simulation, we assess the effect of p i and q i on the congestion status in the CS, which leads to fully discharging the EVs. Therefore, the blocking probabilities of completely discharged EVs in previous scenarios are obtained with respect to the increased number of CPs from 2 to 30 by considering a fixed number of existing EVs equal to 50, as shown in Fig. 13 . Similar to the previous results, it is observed that there will never be any service blocking leading to zero battery charge in Scenario 4, even when there is only one CP. This feature depends on the conservative behavior of EV drivers and shorter charging duration, as mentioned before. Every scenario with a higher x q and lower x p results in a lower number of CPs in order to limit the blocking probability to a certain level. The blocking probability in Scenario 4 is lower than its equivalent amount in Scenario 2. The reason is that the EV drivers have a higher level of range anxiety in this scenario in the sense that they want to connect the EVs when their EVs' battery level of charge reaches almost exactly x q level and disconnect it almost exactly at x p level. Therefore, the EV connection/disconnection takes place based on these amounts with less flexibility compared to the previous scenario. This result holds true in comparing Scenarios 5 and 3. Fig. 13 shows that the blocking probability Fig. 13 . The blocking probability of completely discharged EVs in terms of CPs count, the number of commuting EVs = 50. of completely discharged EVs can be restricted to 20% when the minimum number of CPs in Scenario 2, Scenario 1, Scenario 5, and Scenario 3 are equal to 3, 7, 8, and 12 respectively.
2) The Effect of t on the Predicted Number of CPs: In order to assess how a change in t affects the congestion status, we simulate 4 scenarios, as shown in Fig. 14 . In these scenarios, t change frequency increases from scenario Busy Day Light (BDL) to Random (R ) while its average is 0.4. The minimum number of CPs required to constrain the blocking probability of the fully depleted EVs to the upper threshold level of 0.05 is shown in Fig. 15 .
According to these results, BDL requires the maximum number of CPs, since the CS is busy for a long continuous time and EV drivers are equally willing to connect to CPs with a high probability. In scenarios Busy Morning Afternoon (BMA) and R , the number of required CPs decreases while t changes more frequently. It is noticeable that the effect of changes in t on the congestion status depends on the battery capacity of EVs and the rate of battery depletion while driving. Therefore, BMA and R act similarly since the rush hours in these scenarios are long enough to let some EVs get out of charge. On the other hand, scenario Constant (C ) requires the minimum number of CPs because EV drivers are equally willing to visit the CS at all times with the probability of 0.4, thus congestion is less likely to happen. Of course, the occurrence of such situation is unlikely in practice. It is concluded that the less the length of CS's busy periods and the more they are scattered over the day, the less number of CPs are required. Moreover, the assumption of EV arrivals based on a fixed rate leads to resource underprovisioning.
In the last simulation, the blocking probability is calculated in terms of the number of CPs with 50 EVs in the area. The blocking probability for EVs getting fully discharged due to congestion is shown in Fig. 16 . As observed in this figure, BDL has the highest blocking probability among all, while C has the lowest probability. By decreasing the blocking probability to less than 0.6, the number of required CPs in BMA and R decreases with respect to BDL. It is deduced that the more crowded BDL scenario increases the chance of EV service blocking, especially when the drivers tend to connect to CPs with a high probability in a long time period. Fig. 16 shows that the blocking probability of completely discharged EVs can be restricted to 20% when the minimum number of CPs in BDL to C are equal to 26, 24, 22 and 16, respectively. After these points, an increase in the number of CPs by one unit decreases the blocking probability faster.
In the above scenarios, the blocking probability is defined as the probability of completely discharging the batteries because of congestion. This definition can be replaced by the probability of unsuccessful charge request, whether the battery is fully discharged or not. The new definition yields some changes in the results, e.g., the drivers with a higher level of range anxiety (larger k p and k q ) cause an increase in the blocking probability.
Accordingly, the major result obtained from these simulations is that the proposed model is suitable to apply in the capacity planning of CSs and control the blocking probability, when the number of EVs increases in the future. The CS operator can estimate the parameters of the model based on existing data to complete the model. Then, the required number of CPs will be predicted by the model simulation in order to guarantee a certain level of blocking probability. Furthermore, using the results of this model, by adjusting the p i and q i parameters appropriately the drivers' behavior can be manipulated and as a result the blocking probability in an existing CS can be controlled and its usage can be maximized. In the next section, we will study the effect of changing p i and q i dynamically on the blocking probability in busy times in a typical CS and propose how to make use of the model to plan the CS.
B. Congestion Reduction by Dynamically Changing the Model Parameters
Controlling the CS congestion is an important consideration in planning and developing a CS. In this regard, the EV drivers' behavior has a significant role. Therefore, it is suggested that smart pricing methods is used to encourage the drivers to change their behavior during the busy periods. Consequently, we run a simulation to study how dynamically changing the EV drivers' behavioral parameters in busy times in a CS will affect the blocking probability. We expect that these parameters can be adjusted by choosing a properly defined pricing scheme. In our simulation, the parameters of typical EV drivers in a typical CS with 30 CPs are assumed to be: x p = 80, k p = 0.45, x q = 30, k q = 0.20 and t is defined as shown in Fig. 5-(a) . Based on these parameters, the busy period in the CS is known priorly which is from 11 am to 18 pm. The blocking probability is measured by increasing the number of EVs while the behavioral parameters are changed in the busy period. This is measured for each parameter individually, as shown in Fig. 17 . The simulation results show that decreasing x p for the connected EVs and x q for disconnected EVs in busy periods will decrease the blocking probability but reducing k p and k q is less effective. The results obtained in Fig. 17(a) indicate that the effect of decreasing x p will reverse when the number of EVs increases above 85 because more EVs get the chance to connect in non-busy periods. This reverse effect is observed in Fig. 17(d) when k q is reduced similarly. The blocking probability decreases by 15% at most when the number of EVs reaches to 65 and x p is reduced by 30%. In Fig. 17(b) , decreasing x q becomes effective when the number of EVs goes beyond 60. The blocking probability decreases by 5% when the number of EVs reaches to 85 and x q is reduced by 40% which indicates that x q reduction is less effective in comparison to x p .
The outcome of the last simulation confirms that our proposed model can describe the charging behavior of EV drivers by the parameters p i and q i properly. As we expect, the driver can be encouraged to connect the EV later with less initial level of charge or disconnect the EV by less final level of charge in busy periods. Reducing x q for disconnected EVs and x p for connected EVs in busy periods shows the effect of this behavioral change on blocking probability. Consequently, the proposed model can be applied in planning and developing the CS in congestion status by changing the charging EV drivers' behavior properly. In this regard, developing peak power electricity pricing schemes is a key factor that incentivizes behavioral changes. In peak power electricity pricing, increasing the electricity price during busy periods will encourage the drivers to decrease x p , x q , k p and k q proportionally and the responsive drivers can benefit from cost reduction. In order to reach this goal, the proposed model can be used to analyze the CS to define the busy periods and the required changing amounts of behavioral parameters to reach the best level of blocking probability. It is noteworthy that over-increasing the electricity price in busy periods will have a reverse effect because EV drivers will decide to connect when the charging price is cheaper which increases the blocking probability again or they select a neighboring CS which decreases the CS profitability.
VI. DISCUSSION
In the literature, several research efforts have been made in order to study the EVs charging demand, attempting to formulate the charging behaviors based on some generalized assumptions. Some of these assumptions fail to take into the account of real world EV charging patterns, while others are consistent with the analysis of real field data of EV charging events. For instance, authors in [18] assume that all vehicles leave home at the beginning of the day with their batteries fully charged. The parking duration, plug-in time and initial SoC are considered to follow a given normal distribution in [19] , [23] and [41] , respectively. Authors in [51] assume that the required charging energy for each parking event is proportional to the consumed energy during driving. However, a recent study on the historical data related to EV charging events shows that EV drivers appear considerably free to choose whether to charge their vehicles at home, workplaces or on-street parking lots [52] . Furthermore, they do not always start their day at full battery capacity. We have introduced a model to capture the stochastic nature of EV drivers' charging behavior without the above restrictive assumptions. In our case studies, we consider a constant charging power depending on the type of the CP which is one of the common assumptions in EV demand modeling [39] - [41] . This is compatible with constant-current constant-voltage (CCCV) battery charging behavior [52] , especially when EVs are not allowed to be recharged once the SoC reaches 80%. Moreover, we assume that the energy consumption during driving is proportional to the average EV velocity in the area of interest [13] , [41] . While authors in [40] have further assessed the energy consumptions by taking into account the EV travel patterns and purpose of the trip, which is a more comprehensive assumption.
From the methodology point of view, we have proposed a Markov-based probabilistic model to emphasize the influence of EV drivers' charging behaviors on the statistical distributions of behavioral-related parameters and CS congestion management, and validated the model by real field EV data in various scenarios. Many studies have developed MCS based probabilistic models using transportation surveys or data collected from ICEVs. An agent based approach is employed in [15] to emulate the human aggregate behavior by considering predefined PDFs for some of decision variables. In [40] an EV driving pattern model based MCS is developed by defining three types of trips. Then EV transition probabilities are modeled using a Markov chain. Finally, expected charging profile is estimated using MCS based EV charging usage. A Markov-based analytical approach for modeling EV travel behavior and charging demand is presented in [41] . However, the EV travel behaviors are represented in several scenarios through MCS considering SoC and travel purposes. None of these models are validated using EV charging data. In other Markov-based models, the estimation of the transition state probabilities can be very time consuming due to considering the need for a high temporal resolution [13] , [16] . The inhomogeneous Markov model introduced in [16] describes the driving pattern of one EV without considering the EV's characteristics and its driver's habits. The complication of this model prevents its applicability for studying the charging behavior of an EV fleet.
In authors opinion, modeling a typical EV driver's charging behavior in a statistical community of drivers is an applicable approach for studying the charging profile and aggregated behavior of the community. Our proposed model well introduces the driver's charging habits, especially by describing the dependency of charging decision to the battery level of charge and specifying the probability of parking the EV in 24 hours of the day which have direct influence on connection times and charging duration. Moreover t can implicitly reflect the purpose of the Ev drivers' trip. Therefore, our model is flexible to describe the aggregated charging behavior of a statistical EV community while considering the type of CPs (i.e. slow or fast CPs), type of area under study and type of EVs (i.e. personal cars, company cars, taxis or buses). Furthermore, this model can be easily utilized to describe communities consisting of several groups of EV drivers with different behavioral characteristics. Another important aspect of the proposed model is that it provides an easy and applicable method for predicting required power capacity of the CS in terms of the number of CPs with respect to the increase of EVs in the future to prevent congestion in CPs.
VII. CONCLUSION AND FUTURE WORK
In this paper, we proposed a new model to describe the charging behavior of an EV driver. The sensitivity analysis of the model indicated that the different assumptions about the statistical distributions of EVs' charging and connection times in the literature are because of the differences in the drivers' behaviors in different communities. This result confirms the ability of the model to differentiate the EV drivers' communities by reflecting their different behavioral characteristics. Moreover, we studied the effect of the model's behavioral parameters on the predicted number of CPs subject to the blocking probability constraint. The results showed that the required number of CPs decreases when EV drivers with a higher level of range anxiety tend to connect with a higher level of charge and disconnect faster with a lower level of charge and when the rush time periods are short and scattered over the day. Finally, we assessed the effect of changing our model parameters on the CS blocking probability in the busy periods. Reducing x q for disconnected EVs and x p for connected EVs in busy periods reduced the blocking probability which indicates the effect of changing the EV drivers' behavior on the CS congestion status. As a result, the behavioral parameters of the model can be changed by choosing a properly defined pricing scheme in order to control the CS congestion. Therefore, the proposed model facilitates the analysis of congestion status and predicting the required number of CPs to guarantee a required level of quality of service in CSs as the number of EVs increases in the future. This model can be applied to describe the real field data from any CS environment by adjusting the behavioral model parameters. Therefore, adopting this new model and studying the behavioral characteristics of different groups of drivers helps in planning the CSs to meet the increasing demand resulted from the increasing number of EVs.
In the future, a number of directions are considered worth further research effort. This work adopted a Markov-based probabilistic model to emphasize the influence of EV drivers' charging behavior on the CS congestion management due to its occupancy. The proposed model can be further extended and mathematically analyzed to consider the power constraints and congestion management of the CSs due to energy supply shortage when the penetration of EVs increases. Moreover, this model can be further utilized to investigate the effect of EV drivers' charging behavior on behavioral-related parameters covering a broad range of field statistical factors, e.g. purpose of EV trips, the service area of the CPs and usage type of EVs. Furthermore, the proposed model can be utilized to study the effect of behavioral parameters on the congestion in a CS equipped with solar panels and battery storage units. Finally, the Bayesian inference and machine learning can be used to estimate the parameters of the proposed model in order to enhance the parameter estimation.
